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Abstract
Preterm birth has been shown to induce an altered developmental trajectory of brain structure
and function. With the aid support vector machine (SVM) classification methods we aimed to
investigate whether MRI data, collected in adolescence, could be used to predict whether an
individual had been born preterm or at term. To this end we collected T1–weighted anatomi-
cal MRI data from 143 individuals (69 controls, mean age 14.6y). The inclusion criteria for
those born preterm were birth weight 1500g and gestational age< 37w. A linear SVM was
trained on the grey matter segment of MR images in two different ways. First, all the individu-
als were used for training and classification was performed by the leave–one–out method,
yielding 93% correct classification (sensitivity = 0.905, specificity = 0.942). Separately, a ran-
dom half of the available data were used for training twice and each time the other, unseen,
half of the data was classified, resulting 86% and 91% accurate classifications. Both gesta-
tional age (R = –0.24, p<0.04) and birth weight (R = –0.51, p< 0.001) correlated with the
distance to decision boundary within the group of individuals born preterm. Statistically signifi-
cant correlations were also found between IQ (R = –0.30, p< 0.001) and the distance to deci-
sion boundary. Those born small for gestational age did not form a separate subgroup in
these analyses. The high rate of correct classification by the SVMmotivates further investiga-
tion. The long–term goal is to automatically and non–invasively predict the outcome of pre-
term–born individuals on an individual basis using as early a scan as possible.
Introduction
Following the long–term outcome of individuals that were born preterm, and in particular
their structural and functional brain development, has been an active area of research in pediat-
rics. Some studies are descriptive in nature, identifying the issue at hand [1–8], while others
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actively investigate the efficacy of certain markers in predicting short—or long–term develop-
mental outcome [3,9–11].
While the descriptive studies show a statistically significant difference between the groups
of control and preterm–born individuals, there is often a wide distribution in the variable of in-
terest in both groups [3,5,6], where some members of each group could easily belong to the
other group based on the measure investigated. Clearly a more individualized method would
be desirable. In investigations into specific markers of outcome the results can be much more
specific to individuals who took part in the respective studies, however, such investigations
usually involve considerable manual input, which cannot be followed on a day–to–day basis.
There has been significant recent interest and development in machine–learning methods,
which address both of the above aspects. I.e. the results can be applied on an individual basis
and with minimal user intervention. One well–known and widely used variant is support vec-
tor machines (SVMs) [12–15]. The employment of SVMs in pediatric research is not unprece-
dented [16,17], albeit MRI–based pattern recognition is still new in this field. For example,
Franke et al. [18] used a related approach to establish normal aging processes in healthy chil-
dren and adolescents and included a group of preterm born adolescents to test their method.
In other fields, e.g. degenerative neurological conditions (see for example [19–21]) and in de-
velopmental cognitive neuroscience [22] SVMmethods have been used on MR images. Briefly,
the first step in using SVMs for automatic classification of images is to use a dataset where the
group adherence of each subject with an MRI dataset is known. The result of this training is to
identify an optimal boundary between the case and control groups in a multidimensional space
(Fig 1). Future, datasets can be classified, based on the so defined boundary during the training
step.
Of course the goal is not simply to identify individuals as preterm–born or term–born. That
is already known at birth and needs no further investigation. Rather, the long–term goal for
such methods is to predict fromMR images whether a preterm–born individual has brain
structure that is more indicative of a preterm–born or term–born person. Successful identifica-
tion of brains by the SVM is a necessary condition for future success of the method toward that
goal. Therefore, the aim of this study was to use a structural MRI images from a cohort of indi-
viduals who had been born preterm and matched controls to investigate how successfully the
SVMmethodology could be used to correctly identify to which group an individual belonged.
Methods
This study was performed with the approval of the regional ethics board of Stockholm North.
One of the parents or a legal guardian signed a written, informed consent form for each partici-
pant before the MRI examination.
The MRI data used here were collected as part of a previously published study [6], in which
preterm–born individuals and matched controls underwent an MRI examination in adoles-
cence. The case group consisted of individuals who were enrolled into the Stockholm Neonatal
Project [23] at birth. The inclusion criteria were birth weight (BW) 1500 g and gestational
age (GA) 36 weeks. At the age 5.5 years, during a psychological follow–up, a control group
was recruited from a population based register given that they had GA 37 weeks and match-
ing birth dates and birth hospitals [24]. All the individuals who participated in the 5.5–year fol-
low–up (182 cases and 125 controls) were invited for an MRI follow–up study and 74 cases and
69 controls complied. The participants and non–participants did not differ on any of the avail-
able measures: GA, BW, gender distribution, mothers’ age at birth, mother’s level of education
or IQ scores measured on the follow–up at 5.5–years of age [24]. Furthermore, there were no
statistically significant differences between the two groups of participants (case/control) with
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PLOS ONE | DOI:10.1371/journal.pone.0123108 April 2, 2015 2 / 14
Technologies Ltd., provided support in the form of
salary for author Carlton Chu, but did not have any
additional role in the study design, data collection and
analysis, decision to publish, or preparation of the
manuscript. The specific role of this author is
articulated in the ‘author contributions’ section.
Competing Interests: The authors have the
following interests: the major part of the work was
conceived and performed while Dr. Chu worked at the
Functional Imaging Laboratory within the University
College London. Dr. Chu now works at and receives
his salary from DeepMind Technologies Ltd and his
efforts in finishing this paper have been expanded in
his free time. There are no patents, products in
development or marketed products to declare. This
does not alter the authors' adherence to all the PLOS
ONE policies on sharing data and materials.
respect to weight/height at the time of scanning, gender distribution, mothers’ age at birth or
mothers’ level of education [6]. The age of participants at the time of scanning ranged between
12.2 and 17.7 years (mean 14.6 years). For details please see Table 1.
All MRI data were collected at the Karolinska Hospital using a 1.5 T Signa scanner (General
Electric, Waukesha, WI). The protocol included a T1–weighted gradient echo 3D anatomical
image with echo time = 6 ms, repetition time = 24 ms, flip angle = 30° and voxel size 0.98 mm
x 0.98 mm x 1.5 mm. Using the freely available SPM software (Wellcome Trust Centre for
Fig 1. Illustrative representation of the SVMmethod. Although, SVMs work in multidimensional space where the dimensionality depends on the number
voxels in the MR image, for simplicity and to aid the visual explanation, here only a 3D representation is shown. The filled blue and red circles represent
hypothetical data from the two groups of interest. The green plane (which would be a called hyper plane in higher dimensions) between the clustered circles
represents the decision boundary, consisting of points that maximize the distance (indicated by white lines) between the two groups. The most ambiguous
points (i.e. closes to the plane) are called the ‘support vectors’ (indicated by yellow arrows).
doi:10.1371/journal.pone.0123108.g001
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Neuroimaging, London, UK) the T1–weighted images were segmented into gray matter (GM),
white matter and cerebro-spinal fluid [25]. Using DARTEL [26] in SPM, which is a robust
non–linear registration method [27], the GM segments were normalized to the common space
of the mean GM segment of all the subjects, then subsequently modulated by the Jacobian de-
terminants, re–sampled to 1.5 mm isotropic voxels and then smoothed isotropically using a fil-
ter with 6 mm at full width at half maximum. Subsequently, the above GM images were used,
without feature selection or feature reduction, as input features to train a linear, hard margin
SVM (http://www.csie.ntu.edu.tw/~cjlin/libsvm/) in Matlab (Mathworks, Natick, MA, USA).
The groups of control and preterm born individuals were labeled -1 and +1 respectively [12].
Leave–one–out cross validation was applied to estimate accuracies [15]. The prediction scores
(i.e. distance to the decision boundary including sign—see Fig 1), which is the dot–product be-
tween a test image and the weight map (Fig 2) plus the bias, were further used for correlation
analyses. To assess the validity of results that the above leave–one–out procedure yielded, we
made two additional training/classification cycles. In each case, we randomly selected 37 out of
the 74 cases and 35 of the 69 controls to train the SVM. Subsequently the remaining, unseen in-
dividuals were given to the SVM for classification. In addition to the simple classification, re-
ceive operating characteristic (ROC) curves and the area under the ROC cureves (AUC) were
calculated.
To obtain a non–parametric p value for the classification and the ROC/AUC, the above pro-
cedure was repeated 50000 times with the labels for the 143 participants randomly permuted.
In a separate permutation sequence we repeated the procedure 2000 to generate a p value map.
Previous investigators reported a relationship between preterm birth and a reduced brain
volume. Indeed we have confirmed this in a previous publication involving the same individu-
als [6]. Therefore, separate analyses were performed to examine how much of the variance is
explained by total intracranial volume (TIV). Age and sex were also included as covariates to
test the matching of the control and case groups. Residual forming matrix was used to efficient-
ly remove the covariates [28]. To statistically compare TIV with the distance to decision
boundary as a marker for preterm birth we used the DeLong test [29], which is specifically de-
veloped for correlated ROC curves.
Because the severity of outcome is inversely related to GA we made separate analyses in
which the subjects born preterm were subdivided into 3 subgroups according to the definition
of the World Health Organization. This stratification lead to 11 of the participants being mod-
erately preterm (32 w GA< 37 w), 36 participants being very preterm (28 w GA< 32 w)
and 27 participants being extremely preterm (GA< 28 w). These 3 groups were designated as +1,
Table 1. Description of the two groups compared in this study.
Case Group Control Group
Number 74 (51% girls) 69 (53% girls)
Age (years)* 14.90 [12.38–17.7] 14.30 [12.18–16.47]
Weight (kg) 53.18. [25.6–83.8] 55.38 [32.4–88.9]
Height (cm) 163.94 [140.0–196.4] 165.60 [138.0–191.0]
Gestational Age (weeks) 28.54 [24–36] 39.72 [37–42]
Birth Weight (g) 1069.54 [645–1486] 3530 [2750–4655]
Mother’s age at birth (years) 30.66 [20–42] 30.86 [22–44]
In the rows with Age and below the values are quoted as mean [range].
* The age quoted for those born preterm was not corrected for gestational age. If this correction is made
the difference between the ages is not statistically signiﬁcant
doi:10.1371/journal.pone.0123108.t001
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+2 and +3 respectively. The additional analyses were performed between controls and Group +2
or Group +3 as well as between Group +2 and Group +3 to investigate whether the latter two
groups (very preterm and extremely preterm) could be identified as two separate sub-groups. An-
other important factor is whether an individual was born smaller than his/her expected birth
weight (i.e. born small for gestational age (SGA)). Following tables compiled by Fenton [30] we
identified as SGA 16 (22%) out of the 74 preterm–born individuals. To test the possible confound
where the SGA individuals, who may be more severely affected, may drive our results we per-
formed an additional cycle of training and leave–one–out classification in which only the 58 indi-
viduals were included who were born with a weight appropriate for their GA.
Fig 2. Gray Matter segment discriminative power for classification and p value map.Mean gray matter segment of all subjects is shown in the middle
column for anatomical orientation. The color code on the images of the left column is in arbitrary units and indicates the weight (i.e. discriminative power) in
each voxel. This value in each voxel is relative to the weight in all other voxels containing brain GM. The plots in the right column depict the corresponding p
value maps. The color bar on the far right belongs only to the p value maps.
doi:10.1371/journal.pone.0123108.g002
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Cognitive ability at 5.5 years of age was measured using the revised Swedish version of the
Wechsler Preschool and Primary Scale of Intelligence Test as detailed in [24]. This test mea-
sures verbal IQ, performance IQ and full IQ. For 60 preterm–born individuals and 62 term–
born individuals out of the 143 participants we had all 3 measures of IQ available for
further analysis.
Using BW, GA and the different measures of IQ from 5.5 years of age [24] as dependent var-
iables and the prediction score as a independent variable we quantified correlations by the
Pearson's Correlation Coefficient. Note that, the higher the prediction score, the more likely
the brain was from an individual that had been born preterm.
Results
We observed a high percentage of correct classifications (93%) from the leave–one–out cross
validation. In other words, after training the SVM on the available data, it could correctly iden-
tify a person as belonging to the case or control group 93% of the time. This amounts to a sensi-
tivity of 90.5% and a specificity of 94.2%. Different GM regions provide a varying weight
toward the identification of brains (Fig 2). The corresponding ROC is plotted in Fig 3 (red
curve) for which the AUC was 0.9755.
We assessed the reliability of above results by performing the leave–one–out procedure
50000 times. In the generated distribution of results the maximum accurate classification rate
was 67% and the maximum AUC was 0.7240. The non–parametric p value for obtaining the
original results of 93% accurate classifications and an AUC of 0.9755 was p< 0.00002.
After removing the effects of age and gender the original results were comparable (90% ac-
curate classification). Including TIV as a covariate explained more variance, resulting in the re-
duction of correct classifications to 66%, which is still statistically significant (p< 0.0011).
Because the correct classification did not reduce to chance (i.e. 50%) TIV is not the only signifi-
cant discriminating factor of preterm birth. Indeed when we performed an SVM classification
between the two groups based on the single feature of TIV the rate of accurate classifications
was only 64%. The corresponding ROC is plotted in Fig 3 (blue curve) for which the AUC was
0.7012. Using the DeLong test [29] for correlated ROC curves we found that the improvement
in predicting preterm birth with the distance to decision boundary is statistically significant
(p< 1.98 x 10–10). In fact the 95% confidence interval for the AUC curve of the distance to de-
cision boundary was 0.956–0.995.
In the two additional training/classification cycles where only a randomly selected half of
the available individuals were used for training the SVM and the other half classified by the
SVM the correct classification rates were 86% and 91%.
When testing the heterogeneity of the group of volunteers born preterm we found that the
gestational age was indeed an important factor. Fig 4A depicts the results of the above SVM
analysis on the entire group where the group of subjects born preterm is color–coded
(blue = moderately preterm, green = very preterm, red = extremely preterm). The mean dis-
tances to the decision boundary for these 3 subgroups are 0.43, 0.73 and 1.20 respectively. The
additional specific analyses performed between subgroups corroborated these findings. When
including only the controls and the 27 individuals born extremely preterm (Group +3) the
SVM classification was 100% accurate. This accuracy dropped to 90% when including only the
controls and the 36 individuals born very preterm (Group +2). When directly comparing the
27 individuals born extremely preterm and the 36 individuals born very preterm directly the
classification rate was 67% correct.
Fig 3B highlights each of the 16 individuals that had been born SGA. Their distance to deci-
sion boundary is distributed through the full range of the group of individuals born preterm,
SVMClassification of Preterm Birth on MR Images
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Fig 3. ROC curves for TIV and distance to decision boundary. Although these two measures are correlated markers for preterm birth the distance to
decision boundary (red curve) is statistically significantly better. Both the x and y axes run between 0 and 1.
doi:10.1371/journal.pone.0123108.g003
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which indicates that they are representative of group as a whole. This finding is corroborated
by a separate analysis in which we compared the controls and the 58 individuals that were born
with weights that were appropriate for their gestational age and 91% of the individuals were
classified correctly by the SVM.
The correlation with the prediction score was stronger for BW (R = –0.51, p< 0.000001)
than for GA (R = –0.24, p< 0.0392) in the group of preterm born individuals. As a check, BW
was also correlated within the control group only but this did not yield statistically significant
results (R = –0.13, p< 0.2919).
All measures of IQ were significantly correlated with the distance to decision boundary
when both groups were considered: full IQ (R = –0.30, p< 0.001), performance IQ (R = –0.23,
p< 0.0133) and verbal IQ (R = –0.29, p = 0.0012). Within only the group of individuals born
preterm the correlation with Full IQ was also statistically significant (R = –0.34, p< 0.0103).
Fig 5 depicts the prediction scores for both groups. Note that, while the mean predictive scores
are clearly distinct for the two groups some individuals of each group possess scores, which
could be representative of the other group. The color of the circles in Fig 5A represents the
birth weight. For the subset of the group for which it was available, the IQ scores were used to
Fig 4. Effect of extent of preterm birth and SGA birth on results. The group of 74 participants that were born preterm is represented by colored circles.
The vertical distance from the horizontal yellow line represents the distance to decision boundary. The further above the line is more like preterm whereas
further below the line is more like control. In part A the color code represents the 11 moderately preterm (blue), 36 very preterm (green) and 27 extremely
preterm (red) births based on gestational age. In part B the 16 individuals that were born SGA are represented by red circles while the other 58 by
blue circles.
doi:10.1371/journal.pone.0123108.g004
SVMClassification of Preterm Birth on MR Images
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color code the scatter plot in Fig 5B. While there is variability, the tendency of the high IQ
scores of the control group and the low IQ scores of the case group were farther from the deci-
sion boundary. Fig 5C plots the distance to decision boundary on the x–axis against IQ on the
y–axis. The 7 preterm–born individuals who fall below the horizontal decision boundary (hori-
zontal yellow line) in Fig 5A and 5B are shown to the left of the vertical line in Fig 5C.
As with the classification results, TIV explains a large portion of the variance in the correla-
tions. Still, after removing the effects of age, sex and TIV the correlation with full IQ (R = -0.19,
p< 0.038) and verbal IQ (R = -0.18, p< 0.042) remain statistically significant.
Discussion
The success of the SVM in assigning a preterm–born or control individual to the correct group
(93%), based on a single MR image, indicates that the distinct brain development of preterm–
born individuals can be identified by machine–learning methods. Further, the fact that distance
to the decision boundary correlates with variables of interest, such as IQ, GA and BW supports
clinical significance of the method. The individuals born SGA were good representatives of the
case group as a whole. Therefore it is unlikely that our results would have been driven by a sub-
group of individuals who more severely effected.
There were limitations to this study. Although the cohort was very unique and the biograph-
ical information well maintained, the MRI images could be further improved with the latest
MRI technology and more imaging time allocated. While it may be a limitation in this study,
one would expect the rate of correct classifications to improve with higher quality input data.
IQ data was not available from all individuals, but still 122 out of the 143 individuals could be
evaluated in this manner. Furthermore, current work is under way to collect and analyze IQ
data at 18 years of age and preliminary analysis indicates a high degree of correlation between
IQ from 5.5 years of age and from late adolescence.
It is not surprising that TIV explains so much of the variance in the classification and corre-
lation results. Extensive previous literature shows a correlation between preterm birth and a re-
duction in regional and global brain volume. However, it is important to point out that
training an SVM using TIV alone cannot achieve the same accuracy in classifying the individu-
als as born preterm or at term.
Comparing individuals using the leave–one–out procedure inherently requires that a slight-
ly different training sample is used each time (i.e. for each individual being left out). Thus, one
may say that each result has its own meaning relative to that particular training sample and
that due to these differences the 93% accurate classifications may be misleading. For this reason
we performed the two additional training/classification cycles in which we used half the sub-
jects in each group for training and classified the remaining individuals. This procedure yielded
similar results to that of the leave–one–out method. It is also important to point out that if the
individual left out is not part of the subset of support vectors the model will be identical even if
the training sample was different. Therefore in those cases the comparison of distances to the
decision boundary from different runs of the leave–one–out procedure is valid.
Inspection of Fig 2 indicates that different cortical areas provide varying weight toward the
classification. Lower weight (blue) indicates relatively more GM in the healthy group and vice
versa. In particular, anterior aspects of temporal lobe and lateral prefrontal cortex tend to have
Fig 5. Distance to decision boundary in relation to BW and IQ. In parts A & B the distance to decision boundary (i.e. vertical distance relative to horizontal
yellow line) is displayed for both groups. In part A, all 143 subjects are shown while in part B only those with IQ data are represented. The color code in part A
indicates birth weight of the individual while on the bottom it represents the full IQ scores (see respective color bars in middle). In part C the distance to
decision boundary (horizontal axis) and the full IQ score (vertical axis) are plotted against each other for the group of subjects born preterm. The red dashed
line indicates the linear fit to the data (R = –0.34, p< 0.0103).
doi:10.1371/journal.pone.0123108.g005
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a negative weight whereas the anterior and posterior poles provide more positive weights. Re-
gions where those born at term have more GM coincide with the statistically significant regions
we previously reported as being different on a group level [6].
In the case of individuals suffering from Alzheimer’s disease, it has been found that an SVM
trained on MRI data, which was collected at one center, could successfully identify individuals
who underwent their MRI examination at a different center [20]. Further investigation is need-
ed to establish whether such universal applicability could be achieved in the case of individuals
born preterm. In the case of preterm birth, outcome can depend on local practices [31,32], and
these practices can very among centers and countries [33]. Still there is a general consensus
that preterm birth leads to a different developmental trajectory compared to that of term birth,
and that this developmental trajectory is clearly identifiable. Therefore, while it may not be pos-
sible to train an SVM to universally identify a brain that belongs to an individual who was born
preterm, SVMs trained on data at any center would be expected to perform well locally.
Employing a similar method, Franke et al. [18] used structural MRI brain images of a large
number of children and adolescents and established a procedure for estimating the “brain age”
of a given individual when compared against their training data. To test their proposed proce-
dure they included a group of preterm–born adolescents and showed that, as one might expect,
lower gestational age at birth resulted in a less “mature” brain when scanned in adolescence.
We chose the SVM approach because it runs faster, makes fewer assumptions on the features
being Gaussian distributed and requires a less involved image processing pipeline. It also must
be pointed out that simply predicting the age of an individual may not correctly reflect their
cognitive ability. To this end Erus et al. [34] made recent inquiries and we also aimed at finding
correlations between classification confidence and other variables IQ.
Regardless of the method of classification, simple identification of a preterm–born individu-
al as such is clearly not the final goal—even if the fact that it is done automatically is impressive.
Rather, the ultimate aim of such methods would be to predict the outcome of a person who
was born preterm. In other words, given that it is established that preterm–born individuals
follow a distinct path in structural and functional brain development [1–8], the goal is to iden-
tify whether any given individual possesses a more preterm–like or a more term–like brain.
The present study was a first step toward that goal, in that it investigated whether a preterm
brain could be automatically distinguished from a control brain in the first place. The results
indicate that indeed it can. There is recent evidence that SVMs trained on brain MR images
can help prediction of future cognitive ability [22]. Indeed the prediction was more accurate
when MR images were added to the classification than when based on cognitive tests alone. Fu-
ture work will focus on similar investigations involving preterm–born individuals. Including
SVM classification on MR images into the follow–up can similarly be expected to improve the
prediction of outcome.
While the 93% correct classification is impressive, it remains to be seen whether it could be
achieved with more heterogeneous groups or if additional data were given to the SVMs from
other centers (i.e. data that was not used in the training and identification of the decision
boundary between the two groups). On the other hand classifications can also be improved
with more data. Here a single MRI image was used to train the SVM classifier, but further data,
if available, could be included to more completely describe an individual. These additional data
can be other MRI contrast, come from other imaging modalities, be based on demographic in-
formation and so on. Although it must be noted that using additional data in this way requires
larger number of subjects to prevent over fitting the model.
Only 11 individuals were classified wrongly by the SVM. Their predictive score ranged be-
tween—0.49 and +0.67, compared to the range of the entire group (from—2.03 to +1.81). The
IQ scores were similarly ambiguous for these individuals who were misclassified. Regardless of
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whether preterm–born individual was classified as a control or the other way around, the mean
IQ score for both of these cases was approximately 99. Due to the small number of misclassified
subjects statistical comparisons are difficult to apply. The reason for misclassification may sim-
ply be random noise in the MRI images or movement–related artifacts, which hinder the ability
of the SVM to make the correct classification.
Both BW and GA have been used previously as covariates and have been found to correlate
with structural and functional outcome (see for example [35–38]). In the present study these
variables of interest were found to correlate also with the distance to decision boundary. Inter-
estingly however using BW as a covariate for only those individuals that were born at term the
correlation was not significant, indicating specificity for preterm birth.
Even if SVMs correctly classify an individual with respect to group adherence or, better yet,
a correct long–term prediction is given as to the structural development of the brain the signifi-
cance of such findings remains an open question. The main outcome of interest is whether the
structural differences that were identified couple with functional/cognitive ability or social
skills and quality of life. To make an assessment of such outcome here IQ data were used. IQ is
an important measure of outcome and has been shown to correlate with other measures (see
for example [39,40]). While this measure correlated well with the distance to decision bound-
ary (see bottom of Fig 5), which indicates a potential of the SVMmethods in identifying clinical
significance, it must be noted that IQ is but a single description of outcome. Further characteri-
zation of the significance of SVM classification will have to follow.
As opposed to voxel–based morphometry [41] analyses, which work very well for group
comparisons, using SVM classifications has the added benefit of assigning a unique score to
each individual (i.e. the distance to decision boundary). This score allows further stratification
of the groups. Here we have shown that depending on the severity of preterm birth (moderate,
very or extreme) the mean distance to decision boundary was progressively larger. In other
words the individuals in these 3 subgroups were progressively more different from those in the
control group. Further work is needed to see if one could subdivide the groups depending on
an individual’s distance to decision boundary and investigate the outcome of these subgroups.
In conclusion, SVM classification methods proved to be highly reliable in identifying indi-
viduals correctly, based on a single MRI image. Further work will focus on investigating how
well these results generalize to data across centers and on what kind of improvements are need-
ed, if any, to reach the end goal of predicting, on an individual basis, the specific outcome of
persons born preterm.
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